Introduction {#Sec1}
============

Clear evidences show that anthropogenic global warming has already affected biodiversity at individual, species, population, community, ecosystem and biome scales^[@CR1],[@CR2]^. As one of the most serious and widespread threats^[@CR3]^, the continuously warming may have already resulted in several recent species extinctions^[@CR4]^, and the sixth mass extinction in the history of the earth was projected^[@CR5],[@CR6]^. Migratory birds are expected to be among the most affected species group^[@CR7]^, with response involving changes in distribution, habitat selection, migratory behaviour, and phenology or the timing of breeding^[@CR8],[@CR9]^. The ecologically specialized or range-restricted species, particularly polar and alpine species, show more-severe range contractions than other groups, and have been the first groups in which whole species have gone extinct due to recent climate change^[@CR10]^.

The increase rate of annual temperature is positively correlated with elevation^[@CR11]^. Compared with the global average, the warming of the Qinghai-Tibetan Plateau occurred earlier, and the rate of temperature increase exceeded those at the same latitudinal zone during the same period^[@CR12]^. Moreover, known as the "Asian Water Tower", there are 36,800 glaciers on the Qinghai-Tibetan Plateau covering an area of 49,873 km^[@CR2],[@CR13]^, which makes it the largest ice mass outside the polar regions. The unique geographic setting makes Qinghai-Tibetan Plateau one of the most vulnerable areas to respond to global climate change^[@CR14]^.

The wild Bar-headed Geese (*Anser indicus*) are endemic upland grazer found exclusively in central Asia^[@CR15]^. The geese breed on a variety of wetlands in highland plateaus of central Asia and winter in lowland swamps, lakes and rivers in China from southern Tibet east to Guizhou, and from Pakistan east to Myanmar^[@CR15]^. As one of the highest and most iconic trans-mountain migratory species in the world^[@CR16]^, its migration includes crossing a broad front of the Himalaya Cordillera, a significant formidable barrier to avian migration^[@CR17]^. While there are general increases in wild goose populations since the 1960 s due to global conservation efforts^[@CR18]^, the Bar-headed Geese may be vulnerable to population decline resulting from habitat loss in over-wintering areas^[@CR19]^ and outbreak of avian influenza^[@CR20]^. Being one of major breeding sites for Bar-headed Geese, habitat alteration such as vegetation composition change around Qinghai Lake induced by severe climate change^[@CR21]^ may be one of the reasons underpinning this opposite population dynamics. Qinghai Lake has experienced significant changes including water level and water quality during the past three decades and is still changing rapidly due to climate change^[@CR22]^. These changes may have profound impacts on the breeding population of Bar-headed Goose by influencing food quality or availability^[@CR23]^.

Progress toward understanding the effects of climate change on bird population, has been challenging, because non-climatic influences such as hunting and harvesting^[@CR24]^, generally dominate local, short-term biological changes^[@CR1]^. The breeding population in Qinghai Lake provides a unique opportunity to study the demographic effects of climate change. First, as Buddhism is the dominating religion of the main distribution region, the pressure of wildlife hunting and harvesting are expected to be low. Second, due to the high altitude and low human population density, the region is relatively free of development and lack of modern agricultural activity, thus in a relatively natural condition. Third, at their wintering sites, the bar-head geese feed on cultivated lands, in which the conditions such as food abundance are relatively stable comparing to natural wetlands. Thus, the influences of wintering sites might be smaller than those of breeding grounds. In this study, we first explored the long-term (1958--2016) climatic trends and their impacts on Lake hydrology and lake shore habitat quality using time series models. The Moderate Resolution Imaging Spectroradiometer (MODIS) normalized difference vegetation index (NDVI) was used as proxy of habitat quality. We then modelled the spatial and temporal variations of Bar-headed Goose population dynamics (2007--2016) at the key breeding sites around the Qinghai Lake within the generalised additive mixed modelling framework (GAMM^[@CR25]^). We test the following hypotheses (Fig. [1](#Fig1){ref-type="fig"}) concerning the effects of climate change in Bar-headed goose population: 1) that the productivity benefits of global warming at regional scale^[@CR26]^ is offset by the detrimental impacts on site level hydrology through habitat loss and degradation; 2) due to distinct dispersal capacity and mobility^[@CR27]^, the relationship between bird abundance and environmental drivers at breeding sites may be divergent from foraging sites.Figure 1Flow chart shows the rational of the study and working hypotheses.

Results {#Sec2}
=======

Spatial and temporal distribution of *Anser indicus* {#Sec3}
----------------------------------------------------

The bird survey data showed that the bar-headed geese used Dandao (S04) and Sankuaisi (S19) as the main breeding grounds and the other sites as foraging areas. There were considerable spatial and temporal (between year) variations for both breeding grounds and foraging areas (Supplementary Figure [S1](#MOESM1){ref-type="media"}). During the peak breeding month of May, the majority of birds congregated at S04 and S19 (Supplementary Figure [S1](#MOESM1){ref-type="media"}, left). After the chicks fledged, they dispersed to other surrounding areas for foraging and very few birds were observed remaining at its breeding grounds (Supplementary Figure [S1](#MOESM1){ref-type="media"}, right).

Long-term Trends in climate and hydrology {#Sec4}
-----------------------------------------

The long-term trends in climate and hydrology in Qinghai Lake was summarized in Table [1](#Tab1){ref-type="table"}. All the tested variables had significant annual increasing trend (p \< 0.001, Table [1](#Tab1){ref-type="table"}). Furthermore, with only three exceptions (i.e. rainfall in July, inflow in Aug and Sep), most of the variables showed a significant increasing trend for each month (Table [1](#Tab1){ref-type="table"}).Table 1Summary of the Correlated Seasonal Mann-Kendall Tests for the long-term trends in climate (1958--2015), inflow and Lake water level (1995--2015), and NDVI (2000--2015) in Qinghai Lake region. Bold indicates no trend was detected.RainfallTemperatureFlowWater LevelNDVI\*MonthZP^\^^ZpZpZ*p*ZpJan5.2890.0002.9920.0032.8390.0052.2950.022−1.8310.067Feb6.0640.0004.3940.0002.1740.0302.2970.022−3.1180.002Mar4.9170.0002.1600.0311.3290.1842.1760.030−2.7220.006Apr4.8780.0002.4890.0133.5630.0002.1500.032−2.0290.042May2.9720.0032.7910.0053.2010.0012.2660.023−0.445**0.656**Jun2.2880.0224.7900.0002.2350.0252.1740.030−0.643**0.520**Jul1.046**0.295**2.9990.0032.2950.0222.2950.022−1.633**0.102**Aug2.0800.0382.4550.0141.389**0.165**2.6020.009−1.227**0.126**Sep2.0530.0404.3140.0001.570**0.116**2.5370.011−0.940**0.347**Oct4.4030.0003.4880.0001.8130.0703.0510.002−2.5240.012Nov4.9000.0003.5550.0002.6890.0073.2040.001−4.0080.000Dec3.9740.0002.7030.0073.2010.0013.1720.002−2.1280.033Overall6.3000.0006.0000.0003.6000.0002.6000.009−3.4000.001\*Spatial mean for Dandao (S04, Fig. [6](#Fig6){ref-type="fig"}); ^\^^0.000 indicates \<0.001.

For the monthly mean temperature, the increase was significant for each month, and the largest increase occurred in June and February (Table [1](#Tab1){ref-type="table"}). Monthly mean temperature was the only variables showed a monotonic increasing trend during the whole period although the increasing was more rapid before 2010 (upper panel, Fig. [2](#Fig2){ref-type="fig"}). For rainfall, there was significant increase in each month except July, when the increase was not significant (p = 0.295 for July, Table [1](#Tab1){ref-type="table"}). In addition, the Z values indicates that there were larger increases in winter, spring and autumn than in summer; and the largest increase occurred in January and February, the coldest months (Table [1](#Tab1){ref-type="table"}). The long-term trend analysis indicated that there were three phases of changes in rainfall (lower panel, Fig. [2](#Fig2){ref-type="fig"}): there was little changes for 1995 to 2001; from 2002 to 2010, there was a rapid increase; and for the period of 2011--2015, there was little inter-annual change.Figure 2Seasonal cycles and trends of monthly mean temperature (upper) and rainfall (upper) in Qinghai Lake for the period of 1995--2015. The raw monthly records were decomposed in to seasonal cycles and long-term trend using weighted scatterplot smoothing.

The flows to Qinghai Lake also increased significantly for the period of 1995--2015, and significant increase was found in every month except August and September (Table [1](#Tab1){ref-type="table"}). Similar to rainfall, the increase in river flow was larger in the colder months; and the largest increase of flow occurred in April, corresponding to the onset of de-frozen in this region. The long-term trend analysis (upper panel, Fig. [3](#Fig3){ref-type="fig"}) showed that the river flow continuously increased till 2011, after which there were little inter-annual variations.Figure 3Seasonal cycles and trends of monthly mean inflow (upper) and lake water level (lower) in Qinghai Lake for the period of 1995--2015. The raw monthly records were decomposed in to seasonal cycles and long-term trend using weighted scatterplot smoothing.

The lake water level had also increased significantly for the period of 1995--2015; and the increase was significant for each month (Table [1](#Tab1){ref-type="table"}). However, compared to climatic variables and river flow, which had a general increasing trend for the investigated period, the water level showed a clear turning-point around 2004, before which the lake water level decreased constantly, but increased consistently since (lower panel, Fig. [3](#Fig3){ref-type="fig"}).

Spatial and temporal variations in NDVI {#Sec5}
---------------------------------------

For the majority of sites, the spatial mean of monthly NDVI showed an overall decreasing trend for the period of 2001--2015 (Table [1](#Tab1){ref-type="table"}). The Correlated Seasonal Mann-Kendall Test indicated that the decreasing was significant (p = 0.0001, Table [1](#Tab1){ref-type="table"}). However, the CSMK test showed that there was not significant change for the hotter months (i.e. from May to September, Table [1](#Tab1){ref-type="table"}).

Table [2](#Tab2){ref-type="table"} summarised the results of the final GAMM for spatial mean NDVI for the main bar-headed goose habitat sites in Qinghai Lake region. All models had high to very high accuracy (adjusted *R* ^2^ ranged from 0.839 to 0.947, except S19 with a moderate adj-*R* ^2^ of 0.611 (Table [2](#Tab2){ref-type="table"}). S19 is an island which is subjected to inundation during the high water seasons. The NDVI showed a strong seasonal cycle peaked at August (p \< 0.0001, Table [2](#Tab2){ref-type="table"}, Supplementary Figure [S2](#MOESM2){ref-type="media"}).Table 2Summary of the GAMM for spatial mean monthly NDVI at nine main habitat sites. The terms included in the final model, their p-values (Bold indicate significant at 0.1 level) and estimated degrees of freedom (EDF) were listed. The results for autoregression were not shown for simplicity.Site*s*(Month)*s*(Time)*s*(MeanT)*s*(WL)*s*(Rainfall)Adj-*R* ^2^S01**0.000** (10)**0.000** (1.00)0.839S04**0.000** (10)**0.075** (1.00)**0.000** (1.00)0.926S07**0.000** (10)**0.000** (4.23)**0.081** (1.00)0.947S09**0.000** (10)0.113 (4.04)**0.001** (5.03)0.929S12**0.000** (10)0.183 (1.00)**0.000** (1.82)**0.009** (1.00)0.922S17**0.000** (10)0.135 (3.70)0.126 (1.00)**0.000** (1.00)0.179 (1.00)0.949S19**0.000** (10)**0.003** (1.00)**0.036** (3.45)0.611S22**0.000** (10)**0.000** (6.63)**0.072** (1.00)**0.000** (4.72)0.854S23**0.000** (10)**0.000** (3.82)**0.079** (2.40)**0.028** (1.00)0.9510.000 indicates p \< 0.001; Rainfall and MeanT are the total monthly rainfall and mean monthly temperature; Month is the calendar month; Time is the number of month since February 2000 when the MODIS NDVI started; WL is the Lake Water level; Adj-*R* ^2^ is a smooth function.

The lake water level had significantly negative impacts on NDVI for eight out of the nine sites (Table [2](#Tab2){ref-type="table"}, Fig. [4](#Fig4){ref-type="fig"}). The effect of water level on NDVI was largely linear for most of the sites indicated by the estimate degree of freedom (EDF, close to 1 means linear, the larger the EDF, the more nonlinear the effect^[@CR25]^). For S22, the modelled effect curve indicated that there was threshold around 3194 masl, above which the NDVI decreasing rapidly (Fig. [4](#Fig4){ref-type="fig"}).Figure 4The partial effect of lake water level (masl, meter above sea level) on spatial mean NDVI for the main bar-headed goose habitat in Qinghai Lake. Dotted lines are standard errors.

The response of *Anser indicus* population to the changes in habitat quality {#Sec6}
----------------------------------------------------------------------------

The final population GAMM included the random terms for Site, and random smooth for NDVI and Time by habitat types (i.e. breeding or foraging); and all other climatic (temperature and rainfall) and hydrological (lake water level) was not included (Supplementary Table [S1](#MOESM4){ref-type="media"}). The model had relatively high performance with an adjusted *R* ^2^ of 0.898 and explained 67.4% of the total deviance in the observed population data.

As expected population size varied significantly among survey site (p \< 0.001, Supplementary Table [S1](#MOESM4){ref-type="media"}). The effect of environmental factors on the population varied between the breeding grounds and foraging areas (Supplementary Table [S1](#MOESM4){ref-type="media"} and Fig. [5](#Fig5){ref-type="fig"}). At the breeding grounds, the effects of NDVI was significant and generally linear (p \< 0.000, EDF = 0.867, Fig. [5](#Fig5){ref-type="fig"}). The population size increased linearly with NDVI; and decreased nonlinearly with time (left, Fig. [5](#Fig5){ref-type="fig"}). The decreasing in population started from 2010 and continued till the end of study period (i.e. 2016). In addition, the effect of NDVI seemed to be larger than that of time (left, Fig. [5](#Fig5){ref-type="fig"}). At the forage sites, the decisive factor was time, indicated by the modelled response surface (right, Fig. [5](#Fig5){ref-type="fig"}). The nonlinear effect curve of Time (right, Fig. [5](#Fig5){ref-type="fig"}) indicated that the decreasing trend slowed down from around 2010 and kept relatively stable since. On contrast to the breeding ground, the effect of NDVI was negative even though it was small (compared with the decreasing trend). The comparison of the two response surfaces (Fig. [5](#Fig5){ref-type="fig"}) suggested that NDVI had a more important role in determining bar-headed goose population at breeding site than at foraging site.Figure 5The response surface of bar-headed geese to NDVI and Time at breeding grounds (left) and foraging sites (right).

Discussion and Conclusion {#Sec7}
=========================

There are ample evidences suggesting that there is a general increasing trend in the range and abundance of wild geese throughout the northern hemisphere since 1960s^[@CR28]^. However, our multi-year survey of the bar-head goose at its major breeding sites showed a declining trend. This discrepancy of local variation from global trend implies environmental changes at local scale may alter the ecological characters of its breeding habitat, and become unfavourable for the reproduction of this species.

Water level change in Qinghai Lake {#Sec8}
----------------------------------

Our study showed an increasing trend of water level in Qinghai Lake for the period of 2005 to 2015, which is consistent with a study on ICESat laser altimetry and *in situ* measurements for the period of 2003 to 2009^[@CR29]^. In recent years, 68.6% of large lakes (\>100 km^2^)^[@CR30]^ and 89% of the salt lakes^[@CR31]^ in Qinghai-Tibetan Plateau have experienced water level rising. The warmer ambient temperature and changes in regional moisture^[@CR32]^ contribute to rainfall increase, which in turn lead to the elevated river flow. In addition, a warmer climate results in melting of glaciers and delaying ice formation^[@CR27]^. There is increasing evidence that over two-thirds of glaciers in the Hindu Kush-Himalayan-Tibetan (HKHT) region are retreating more rapidly since the 1950s (IPCC, 2007), which also has positive effects on river flow^[@CR33]^. However, our trend analysis results showed a constant decreasing trend in lake water level from 1995 to 2005 although at a much lower rate. This decrease in water level was also observed in Zhang, *et al*.^[@CR29]^. The opposite directions of trend in 2005 could not be explained by the long-term changes in climate (temperature and rainfall) and river flow, which showed a more persistent increasing trend for the studied period, even though there were phases when trends were absent (e.g. rainfall was rather stable in periods of 1995--2001 and 2011--2015). Evaporation, which also increased in Qinghai region^[@CR29]^ with the warmer climate, could have a role in this disagreement; and a detailed water mass balance analysis is beyond the scope of this study.

Impacts of Water Level on mean NDVI {#Sec9}
-----------------------------------

NDVI, often referred as a proxy for vegetation photosynthetic activity, offers an integrated signal for exploring the climatic, hydrological and anthropogenic influences. In the study area, where the major vegetation types are swamp meadows and alpine meadows in semi-arid alpine continental climate, NDVI would increase with temperature and rainfall as demonstrated in other studies^[@CR26],[@CR34],[@CR35]^. The partial effect curves of the final GAMM also showed the positive effects of temperature and rainfall on NDVI for models included the variables. Nevertheless, with the positive trends in both temperature and rainfall confirmed, the spatial mean NDVI in six of the nine major habitats showed a decreasing trend, implying other environmental factors may also take effects in the condition and state of vegetation community.

Water level is regarded as an important factor for the structure and function of lake ecosystem^[@CR36]^, especially for the littoral zone of large deep lakes^[@CR37]^. A small changes of water level may result in a large shift in plant communities as well as their productivity^[@CR36]^. We found significant decline in NDVI time series for points that were not inundated using CMSK test despite the general increasing trend for the region^[@CR34],[@CR35]^. The GAMM results indicated that the spatial mean NDVI was negatively related to lake water level when the long-term trend and seasonality were accounted for. These results gave a strong indication that the benefits of climatic change (i.e. warmer and wetter climate) was offset by water level raising. Lake water level raising influences littoral vegetation community in two ways. First, the raising water level would inundate part of land surface, directly reduce the size of vegetation patches resulting in a smaller spatial mean NDVI. Second, Qinghai Lake is saline with salinity level of 12.4 g/L^[@CR38],[@CR39]^, the raising water level could induce the salinization of littoral zone, negatively affect plant growth. Although we have not monitored the vegetation community changes over the study period, the current dominated species such as such as *Suaeda glauca* and *Puccinellia distans* can tolerate high salinity providing circumstantial evidence of soil salinization.

Habitat Quality and Bar-headed Goose population trend {#Sec10}
-----------------------------------------------------

Climate has a profound effect on species distributions, and our results show that this is also applicable for the distribution and population dynamics of Bar-headed Goose. For many species, the primary impact of climate change may through effects on synchrony with food, changing the timing and abundance of food supplies and other resources^[@CR40]^. While climate warming may have some beneficial effects on migratory birds, e.g. earlier spring hatching and longer breeding season^[@CR41]^, negative effects are also possible, e.g. mistiming with food supply^[@CR7]^, less suitable habitats available. Climate change related influences to Qinghai Lake are predicted to be particularly dramatic^[@CR42]^. Our results suggested that the destructive impacts might excess the positive effect as response surface of the final GAMM showed clearly a decreasing trend in bird populations at both breeding and forging sites.

Although none of the climatic and hydrological variables was included in the final model, their effects on Bar-head Goose were realized through their impacts on NDVI, which was significantly related to the observed bird abundance. The elevated lake water level induced the degradation of habitat quality (i.e. decreased NDVI in this study), causing the Bar-headed Goose to switch to shallower and more suitable sites. Furthermore, the final model suggested the divergent responses to both time and NDVI for breeding and foraging sites. At the breeding sites, the positive effects of NDVI seemed to be more extensive indicated by the steeper upwards slope, and the decline was slower shown by a non-linear and flatter slope. There are a few likely reasons for the greater importance of NDVI at breeding sites. First, breeding is an energy demanding task. Birds need more food during the breeding season and food availability influences multiple stages of the breeding cycle of birds. Second, animals are general less mobile during breeding^[@CR27]^, and the new nestlings have limited dispersal capacity. Therefore, sites with sufficient food and high supply/demand ratio benefit breeding success in many ways, including the advancements of laying^[@CR43]^, shorter incubation periods^[@CR37]^, greater hatching success^[@CR44]^, and larger clutch size^[@CR45]^ and higher fitness of breeders and nestlings^[@CR38]^.

Beside the importance of food availability and quality, other factors such as predator abundance and nest concealment^[@CR46]^, site fidelity as well as social cues^[@CR44]^ are also critical in bird breeding site selection. In other words, because of the limitation in alternatives, the Bar-headed geese may still select the same sites to build their nests even through the site is becoming smaller and of poorer quality (in term of food abundance as indicated by the decreasing in spatial mean NDVI). This may partially explain the slow and lagged decline in bird abundance at the breeding sites. On contrast, the foraging pattern of an animal, especially large grazing bird as the Bar-headed goose, mainly depends on the abundance and accessibility of food^[@CR25],[@CR47]^. A warmer and wetter climate may bring better and richer food resources elsewhere in the region^[@CR26]^. With their high dispersal capacity^[@CR48]^, the Bar-headed Goose may explore a wider area when the food availability becomes lower at the littoral zone of Qinghai Lake. The sharp decreasing curve modelled for the foraging sites may reflect the broader distribution rather than a decline in the population.

Data and Methods {#Sec11}
================

Study site {#Sec12}
----------

Qinghai Lake located at the north-eastern end of the Qinghai-Tibet Plateau (Fig. [6](#Fig6){ref-type="fig"}), is the largest extant closed-basin lake in China, with an altitude of 3193 m and an area of c.4300 km^2^. The mean depth of the lake is 21 m (1985) and the maximum depth is 25.5 m^[@CR49]^. It has a water volume of 7.16 × 10^10^ m^3^ and has a catchment area of about 29 660 km^250^. Qinghai Lake lies in the joint area of the East Asian monsoon, Indian summer monsoon, and Westerly jet stream. The main recharge source direct precipitation and runoff through more than 50 intermittent rivers or brooks^[@CR50]^. Five permanent rivers (Buha River, Shaliu River, Haergai River, Quanji River, Heima River) provide 80% of total influx^[@CR14]^. Located in the Central Asian Flyway and East Asian-Australasian Flyway, Qinghai Lake is a vital stopover and corridor for migratory waterfowls. It also provides breeding as well as wintering habitats for hundreds and thousands of birds, with up to 110,000 individuals staging predominantly in its shallower marshes and estuaries. Bar-headed Goose, is one of the flagship species in Qinghai Lake, with a population of above 6000 in summer. Due to its specific ecological character, Qinghai Lake was designated as Ramsar Site in 1992, and it was listed as national nature reserve in 1997.Figure 6Location of Qinghai Lake and the 24 survey sites. The nine important sites were marked with green rings. Maps were produced using ArcGIS (v 10.2, Esri, Redlands, CA, USA) with World Image (source: Esri, DigitalGlobe, GeoEye, Earthstar Geographics, CNES/Airbus DS, USGS, USDA, AeroGRID, IGN, and the GIS User Community) as background showing the boundary of Qinghai Lake.

Bird Survey {#Sec13}
-----------

Birds were counted at 24 observation sites (Fig. [6](#Fig6){ref-type="fig"}) once each month in April to September from 2007 to 2016. The sites covered five typical habitats: river, estuary, marshland, island and lake. We directly counted all visible Bar-headed Goose using a telescope (Kowa, TSN-820) with a zoom lens of 20--60. We used the peak month (i.e. May) to explore the impacts of environmental factors on Bar-headed Goose population. We chose May based on two considerations. First, the main migration season ends at the end of April (i.e. no more new incomer). Second, the majority of eggs were hatched and chicks have fledged. Therefore, the population is most stable in May.

Of the 24 survey sites, over 85% of the bar-headed geese were observed at the nine areas (marked with a green ring in Fig. [6](#Fig6){ref-type="fig"}) located at the western shore of the Lake. Our analysis focused on these nine sites. In addition, the survey data show that two sites (i.e. S04 and S19) have the largest number of birds in March, April and May, and are the main breeding sites in Qinghai Lake area (personnel comm. with staff from the Reserve). We classified the sites as breeding (S04 and S19) and foraging (the others).

Environmental variables {#Sec14}
-----------------------

The long-term climatic data for the period of 1995--2015 was obtained from the nearby Gangca Station (Fig. [6](#Fig6){ref-type="fig"}), and total monthly rainfall and mean monthly temperature were calculated for analysis. There are two main tributaries flowing into Qinghai Lake, and the flow rates are gauged (Fig. [6](#Fig6){ref-type="fig"}). The sum of the two river flows was analysed as inflow to the Lake. In addition, the daily lake water level is recorded at a hydrological station at Xiashe (Fig. [6](#Fig6){ref-type="fig"}).

The satellite-based Normalized Difference Vegetation Index (NDVI) has been the most widely used indicator and proven to be successful to represent vegetation activity among various vegetation indices^[@CR51],[@CR52]^. The time series of NDVI retains information along environmental gradients^[@CR53]^ as well as the intra- and inter-annual changes in the environment^[@CR26],[@CR54]^. Multi-temporal NDVI has been used to monitor the locations and distributions of land-cover changes^[@CR55]^; to detect disturbance and quantify patch size^[@CR56]^; and to predict the waterbird distribution^[@CR57]^ and abundance^[@CR58]^. In this study, we created random spatial points within each studied habitat site. The number of points ranged from 12--17 (i.e. covering 75--106.25 ha) depending on the size of the habitat. These points represented about 25% of the foraging and breeding habitats. With the spatial points, we downloaded the 16-day MODIS NDVI products (MOD13Q1) from the U.S. Geological Survey (USGS) Earth Resources Observation and Science Center (EROS, <http://LPDAAC.usgs.gov>), and calculated the spatial mean monthly NDVI (Feb 2000 to Dec 2016) for each of the nine habitats as an indicator of habitat quality for the herbivore goose.

Statistical analysis {#Sec15}
--------------------

### Trends in long-term climate and lake water level {#Sec16}

We used the correlated seasonal Mann-Kendall test (CSMK)^[@CR28]^ to check if there is any significant trend in the time series of climate (rainfall and temperature, 1957--2015), inflow lake water level (1995--2015), and the NDVI (2000--2015). A significant increasing trend in the lake water level might reduce the size of the foraging habitats located the littoral zone of the Lake. The CSMK test is preferred when the seasons are significantly correlated^[@CR48]^, which is the case for our climatic and hydrological data. We used R package "trend"^[@CR59]^ for the non-parametric analysis.

### Modelling the long-term change in spatial mean NDVI {#Sec17}

We explored the long-term trend in the monthly NDVI time series, and the impact of environmental factors on its variation with the GAM (Generalized Additive Models) framework^[@CR25]^. The GAM for time series modelling takes the form:$$\documentclass[12pt]{minimal}
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                \begin{document}$$g({Y}_{t})={\beta }_{0}+{f}_{seasonal}(month)+{f}_{trend}(time)+f({X}_{t})+{\varepsilon }_{t}$$\end{document}$$where *g* is the link function, *Y* ~*t*~ is the response variable (i.e. the spatial mean NDVI in this study); *f* ~*seasonal*~(*month*) and *f* ~*trend*~(*time*) are smooth functions for the cyclic and trend features we're interested in; month is the 12 calendar months and time is the number of month since Feb 2000, the start of NDVI time series; *X* ~*t*~ are some predictor variables including mean temperature, rainfall and water level in this study; *f*s are the smooth functions that are estimated; and *ε* ~*t*~ are independent error terms with a density function described by *N*(*0*, *σ* ^2^).

The general GAM in form (1) assumes that the model errors (residuals) are identically and independently distributed. However, in the case of the time series regression, this assumption is often not fulfilled as the present time series values are often highly correlated with past values for most time series (i.e. autocorrelation; including NDVI time series^[@CR57]^), therefore, errors of the model will be correlated too. This implies that estimated regression coefficients and residuals of a model are likely to be negatively biased, which also implies that the computed statistical tests or confidence intervals are wrong. To deal with autocorrelation in the NDVI time series, we included an autoregressive model (AR) for errors in our model. Thus, we have the model with the term for errors^[@CR59]^:$$\documentclass[12pt]{minimal}
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                \begin{document}$$\phi $$\end{document}$ is an unknown autoregressive coefficient to be estimated.

Model simplification and selection proceeded in an iterative manner, using a multi-model inference approach based on the methods and recommendations of Vatka, *et al*.^[@CR40]^. First, the full suite of environmental predictors (i.e. temperature, rainfall and water level) and seasonal cycle (month) and trend (time) were included in the model as specified in equations [1](#Equ1){ref-type=""} and [2](#Equ2){ref-type=""}. We then selected which predictors to retain using a more restrictive BIC (Bayesian Information Criterion) with maximum likelihood (ML) parameter estimation. We checked the final model for residual normality and autocorrelation^[@CR25]^. The GAMs were fit using Gaussian family and an identity link function and residual maximum-likelihood estimator (MGCV version 1.8--7) in R (version 3.10).

### Modelling Bar-headed Goose population dynamics {#Sec18}

To investigate the role of different variables in determining changes in abundance of bar-headed goose, we used general additive mixed models (GAMM) with a negative binomial error structure^[@CR60]^. GAMM is an extension of GAM by including a random effects term, *Z* ~*t*~ *b*, where *Z* is a random effects matrix and *b* is a vector of random effects described by *N*(*0*, *ψ* ~*θ*~) with *ψ* ~*θ*~ representing a covariance matrix.$$\documentclass[12pt]{minimal}
                \usepackage{amsmath}
                \usepackage{wasysym} 
                \usepackage{amsfonts} 
                \usepackage{amssymb} 
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                \usepackage{mathrsfs}
                \usepackage{upgreek}
                \setlength{\oddsidemargin}{-69pt}
                \begin{document}$$g({Y}_{t})={\beta }_{0}+{f}_{trend}(time)+f({X}_{t})+{Z}_{t}b+{\varepsilon }_{t}$$\end{document}$$

As our study focused on May, the peak abundance month, the seasonal cycle in equation [2](#Equ2){ref-type=""} was removed. The predictors in equation [3](#Equ3){ref-type=""} included mean temperature, rainfall and NDVI in May. Survey site was specified as random effect. In addition, we checked if the bar-head goose population dynamics responded to environmental factors differently at foraging and breeding sites by specifying both a random intercept and random slope term in the GAMM model. Model selection followed the same approaches as the above NDVI time series modelling.
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